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Image resizing

Change image size / resolution in Photoshop

Image Size

-
ﬂ Adobe Photoshop CS3 - [Untitled-1 @ 33.3% (wikihow, RGB/8)]
ﬁ File Edit Ilmage | Layer Select Filter View Window

- ‘ IT Mode 4 T 285
Adjustments »
Duplicate...
Apply Image...

Calculations...

Image Size... Alt+Ctrl+1

Pixel Aspect Ratio »

Rotate Canvas »

Crop

Trim...

Reveal All w
Variables »

Apply Data Set...

Trap... wiki

Width: | 2608

| pixels % |

Height: | 1952

| pixels % |

— Pixel Dimensions: 14.6M 4@ R~

]

— Document Size: —%ﬂﬁj——

Width: | 10.867

" inches

-
v

Height: |8.133

" inches

. ’

Resolution: | 240

| pixels/inch

“
v

[91 Scale Styles
@ Constrain Proportions
M Resample Image:

| Bicubic (best for smooth gradients)

S —

| Cancel |

. Auto... |




Sampling

Reducing image size — down-sampling




Is sampling really so easy?

Jaggies (Staircase Pattern)
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Skip odd rows and columns

Is sampling really so easy

Patterns in Imaging
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Is sampling really so easy?

Wagon Wheel lllusion (False Motion)
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wagon wheel effect




Aliasing (ZEFF)

Aliasing - artifacts due to sampling
* Jaggies / Moire effect — undersampling in space

* Wagon wheel effect — undersampling in time

Why does aliasing happen!?

* Signals are changing too fast (high frequency),
but sampled too slow



Sines and Cosines
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Fourier Transform

Represent a function as a
weighted sum of sines and
cosines

Joseph Fourier 1768 - 1830
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Fourier Transtform Decomposes A Signal Into Frequencies

f(z)

spatial
domain

F(w)

= /O:O fx)e ™y

\

Fourier transform Jﬁ>

e

\

Inverse transform J<b

— / F(w)ezmwxdw
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/

frequency
domain

~




Higher Frequencies Need Faster Sampling

Periodic sampling locations

A

Low-frequency signal:
sampled adequately
for reasonable
reconstruction

High-frequency signal
is insufficiently
sampled:
...... .\"""/:\ «——— reconstruction
N Nif e VAL WY At incorrectly appears to
be from a low
» frequency signal




Undersampling Creates Frequency Aliases

NANNA AT
R RIRIATRVAY

High-frequency signal is insufficiently sampled: samples
erroneously appear to be from a low-frequency signal

Two frequencies that are indistinguishable at a given sampling
rate are called “aliases”
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Sampling = Repeating Frequency Contents
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https://www.researchgate.net/figure/The-evolution-of-sampling-theorem-a-The-time-domain-of-the-band-limited-signal-and-b _fig5 301556095




Aliasing = Mixed Frequency Contents
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How can we reduce aliasing?

Option |: Increasing sampling rate

Option 2: Anti-aliasing

Filtering out high frequendcies before sampling



Antialiasing = Limiting, then repeating

Filtering

Then sparse sampling

Filter to Avoid Aliasing
.~ When Reducing Fs
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| | |
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Filtering = Getting rid of
certain frequency contents



Visualizing Image Frequency Content




Filter Out High Frequencies (Blur)

Low-pass filter




Filter Out Low Frequencies Only (Edges)

High-pass filter




Filtering = Convolution
(= Averaging)



Convolution

Signal Bnnn
Filter

Point-wise local averaging in a “sliding window”



Convolution

Signal Bﬂnn
Filter

1x(1/4) + 3 x(1/2) + 5x(1/4) = 3

Result
H-"EEEEEREER



Convolution

Signal IIIII!!IIEaIIEiIIiilllilliill!]ll!!lll!l
Filter ]IIH[IIHIIIII“

3x(1/4) +5x(1/2) + 3x(1/4) =4

Result
CIstal L L L]



Convolution Theorem

Spatial
Domain ‘
Fourier l Inv. Fourier
Transform Transform
o . i
Domai X =
omain




Box Filter

Example: 3x3 box filter



Box Filter

What is the Fourier transform of a rectangular function?
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Box Function = “Low Pass” Filter




Wider Filter Kernel = Lower Frequencies




Gaussian filter

Y[Pixel]

K[Pixel]




Guanssian filter

What is the Fourier transform of a Gaussian?
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Regular Sampling

Sample o

Note jaggies in rasterized triangle
where pixel values are pure red or white




Antialiased Sampling

Pre-Filter Sample

(remove frequencies above Nyquist)

Note antialiased edges in rasterized triangle
where pixel values take intermediate values



Antialiasing




Antialiasing




Image magnification




Image magnification

Inverse of down-sampling (up-sampling)




Interpolation

What’s the value in between?




Nearest-neighbor interpolation

Not continuous
Not smooth 1




Linear interpolation

Continous
Not smooth 1




Cubic interpolation

Continous

Smooth




Bilinear Interpolation

....................................................................................................................

Want to sample
texture value f(x,y) at
red point

Black points indicate
texture sample
locations



Bilinear Interpolation

....................................................................................................................

: ; ; Take 4 nearest sample
............................ |ocations, Wlth texture
e e e o values as labeled.

....................................................................................................................



Bilinear Interpolation

....................................................................................................................

____________ @ And fractional offsets,
(s,t) as shown

....................................................................................................................



Bilinear Interpolation

Uq

Linear interpolation (1D)

lerp(, vo, v1) = vo + z(v1 — vo)

Two helper lerps (horizontal)
Ug = 1€fp(87 Uoo, U10)

Uy = lefp(S, uop1, U11)



Bilinear Interpolation

Linear interpolation (1D)

lerp(z, vo, v1) = vo + z(v1 — vo)

Two helper lerps
ug = lerp(s, ugo, u10)

Uy = 161‘]@(5, uo1, u11)

Final vertical lerp, to get result:

fz,y) = lerp(t, uo, u1)



Comparison

Generally bilinear is good enough

Nearest Bilinear Bicubic



How to change aspect ratio?




Challenge

Cropping may remove important contents Content-aware resizing



Seam Carving for Content-Aware Image Resizing

Shai Avidan Ariel Shamir
Mitsubishi Electric Research Labs The Interdisciplinary Center & MERL




Basic idea

Problem statement: we need to remove n pixels from each row

Basic idea: remove unimportant pixels




Importance of pixel

How to measure importance of a pixel?

* A simple idea — edges are important

* Edge energy:
01

Lo
Oy

10

10

10

10

10

wjwjw|o

wjwfo

clo|lol ol oo




Greedy algorithm

Remove pixels or columns with the smallest energy?

e

Least-energy pixels Least-energy columns



Seam carving

A better solution — seam carving

* Definition of seam: connected path of pixels from top to bottom (or
left to right). Exactly one in each row




Finding the seam!?




Finding the seam

ET) |8xl|+|6yI|E>S arg;mn (s)



Finding the seam

Going from top to bottom
* If M(i,j) = minimal cost of a seam going through (i,j)
* Then:

M(i, j)= E(i, j) +min(M(i - 1, j = 1), M(i = 1, /), M(i - 1, j + 1))

* Solved by dynamic programing
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Seam carving algorithm

* Starting with an image such as




Seam carving algorithm

* The weight/density/energy of each pixel is then calculated




Seam carving algorithm

* Seams can then be calculated and ranked via the dynamic
programming




Seam carving algorithm

* Then the seams are removed from the image




Results

Original




Results

Cropping



Seam insertion

Can we enlarge an image!

* Basic idea: reverse the seam carving process




Seam insertion

Find k seams to insert

Then interpolate pixels
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‘Image Resizing

Shai Avidan
Mitsubishi Electric Research Lab

Ariel Shamir
The interdisciplinary Center & MERL




Super-Resolution

Original Bi-Cubic Super-Resolution



Super-Resolution

Goal
* Produce a detailed, realistic output image.

* Be faithful to the low resolution input image.

Basic idea
* Build some statistical model of image.

* Enforce an up-sampled image to obey those statistics.

Types of methods
* Exemplar based — a collection of examples as the “image model”
* Optimization based — mathematical image model

* Deep learning — learned using deep neural networks



Image-Based Modeling, Rendering, and Lighting

Exam p | e- Based
°® William T. Freeman, Thouis R. Jones, and
Super-Resolution oo
Mitsubishi Electric Research Labs



Basic idea

Replace low-res image patches in the input image
with high-res patches from a database

#1- Range [-267, 2.83]
Dims [7, 7)

B e D e

Closest image ' nnm;.(lsazza] #10: W[lsazse) #: nm;ausmasl *2: Range[207241] 3 mmz;]saza #14: Banga[ll 3.12] #5: nmgo(zaa 295) #E: Bm;el2ml3ll

patches from database r E F '— _-' 5 =

7 Hangol203|82] #18: Rango[|873|4] #19: nange[znsnsj mnangelnzaszzs] 821 nangnzzszzsl mnang [znlasl mhmqo(2l7 213 #24 ﬂange[ls 238)

=

IBWIIW 36] 26 Farge [-SE1,48] #27: Range [-3 43] GEBW| 439) mww 458) #30: Range [-4 74 nmo![ GSD!I &Whla s1
Owns 5, 5] MESI !I mﬁ!'] Oms [5, 5]

== -"I-I-I -'

P Ty o

mwlaza 38 mnmuwmezm nsn-m(ﬁsala AS| mwlsgsm NMHSGGNI mwlssgsm nw(:ue ;uomgmizsm

Input patch

Corresponding .
high-resolution
patches from database




MRF optimization

Modeling smoothness

- den [ o

Low-resolution patches =

(I)(Xi/ Y i)




Results




Image completion

Restoration

Object
removal




Problem statement

1
Q
C R
I REFERERIER, T HREXOHQMARZH IO, e ez m0 XKk, RS

Q=7-Q NEHIXIH. Completion BIHEE L AIIX IR Q155 A kX I8, 13508 ik X% Q) ,
g EMEG T =Q UQ EMH - H R



Examplar-based methods

S (A5 LA A [X 42k



Examplar-based methods




The order matters!




=14

i

AT

7H LSE K HIRTES

Image Completion by
Example-Based Inpainting

A. Criminisi, P. Perez, and K. Toyama,
CVPR 2003




=4

it

a3

7H LB HIIRTE S

LRGSR

FH 306 56 5 A 2 1) [X 3

ffiE H AT IR S R = AL E

NEE—MERTTEASRHANE
ERBNLSe B E KRB RN B, FHE X N A ERP
MR I LA S A LRI ERS, P AN o] W R sk AT 4b 4
ST SE AN E

ER2-6:0 5K, HErA NERRWER

NOoOORWN -~

Source region

Q Target region
a




-IT-l-

7 DS 3R 78 SR
(W

BEEI: AR A 20 0B R

o C
C(p) = qu‘j;,j ()

Bl f BINCE DG (REH)

|VI;-np|

D(p) = -




=14

7 H PLSE R HI

~N

it

AT

T

alf R BAS LRI AT, ZxtaRon BAS R I X 42k
2T A R 7 AR AR R HRULR,

b P $ 7= B I A, 2t 380 LA R v 1Y) X3









wn
o
..
-
T

-!:ﬁ -

17

g-)‘ AYY/

(D "“ L

5ot

|

s

| P (A

Y

B Eo

-
il .




\l1,




il R
5z




=14

73X H I 2 HIA

Image Completion with Structure
Propagation

J. Sun, L. Yuan, J. Jia, and H. Shum
SIGGRAPH 2005
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Recap: examplar-based methods
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How to solve patch match?

Many algorithms need to search the most similar patches

Patch p with 25 dimensions

Which patch is most similar?




Patch match

A naive searching algorithm

Sample every possible patch
to find best match!

O(mM?3)

Which patch is most similar?




b ) PR SR T R 0

PatchMatch: A randomized
correspondence algorithm for
structural image editing

Barnes, C., Shechtman, E., Finkelstein, A

SIGGRAP

| 2009

Slides credit: Jiamin Bai
http://vis.berkeley.edu/courses/cs294-69-fall/wiki/images/1/18/05-PatchMatch.pdf



http://vis.berkeley.edu/courses/cs294-69-fa11/wiki/images/1/18/05-PatchMatch.pdf

PatchMatch algorithm

Key ideas:
* Neighboring pixels have coherent matches

* Large number of random sampling will yield some good guesses.



Key idea

* Offset: dispalcement from source to targe
* Neighbors have similar offsets

Coherent matches with neighbors




Key idea

Large number of random sampling will yield some good guesses

M number of total pixels

Probability of correct random guess: 1/M

Probability of incorrect random guess: 1-1/M

Probability of all pixels with incorrect guess: (1 - 1/M)M [approximately 0.37]

—>Probability of at least 1 pixel with correct guess : 1-(1-1/MM

—>Probability of at least 1 pixel with good enough guess: 1 - (1 - C/M)M



Algorithm: 3 steps

2 L L
LAy

(a) Initialization (b) Propagation (c) Search




Step |

* Each pixel is given a random y
patch offset as initialization

(a) Initialization



Step 2

* Each pixels checks if the offsets y
from neighboring patches give

a better matching patch. If so, / w
1
y

adopt neighbor’s patch offset.

——————

(b) Propagation



Step 3

* Each pixels searches for better y,
patch offsets within a
concentric radius around the
current offset.

the size of the image and is
halved each time until it is 1.

e The search radius starts with 3 x{

(c) Search -




Full algorithm

1. Initialize pixels with random patch 4 4 4
offsets @\ \ ]
= b
2. Check if neighbors have better patch ’ & k ’ && ’ &,
oftsets T i
(a) Initialization (b) Propagation (c) Search

3. Search in concentric radius around the
current offset for better better patch
offsets

4. Go to Step 2 until converge.

O(mMlogM)




(a) originals

(c) }t iteration

(d) 3 iteration

(e) 1 iteration

(f) 2 iterations

Time [s] Memory [MB]

Megapixels | Ours kd-tree | Ours  kd-tree
0.1 | 0.68 15.2 1.7 33.9

0.2 | 1.54 37.2 3.4 68.9

0.35 | 2.65 87.7 5.6 118.3

(g) 5 iterations



Using local pathces may be insufficient

o ff - 7 Zi
7 N = |
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Criminisi et al. result
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Scene Completion Using
Millions of Photographs

James Hays and Alexei A. Efros
SIGGRAPH 2007



Scene Matching for Image Completion




Data

2.3 Million unique images from Flickr groups and keyword searches.




Scene Completion Result



The Algorithm

20 completions

Edge Orientation

Context matching

+ blending

high

——mm ©€dge

energy

low
edge
energy

v ke L 1 ‘/ ._

200 matches



Scene Matching

veemza b A




Scene Descriptor

low
edge
energy

Edge Orientation



... 200 total



Context Matching
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Optimization based super-resolution

Recover high-resolution image by solving an optimization problem

Output high-res image Input low-res image Variable

} } }
Iout = argmin || I, — K @ X||” + AMR(X)
) )

Y Y
Likelihood Regularizer




Deep learning
— a more powerful data-driven approach

I

Fake Image

Auto-Encoder




Deep learning based super-resolution

https://bigipg.com/



https://bigjpg.com/

